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Abstract 
This paper presents an analysis of disaggregation for PM10 pollution from a grid to point support for exposure 
modelling on a GPS track representing an individual space-time trajectory. Different sets of explanatory variables 
were tested to predict spatial variability of mobile PM10 measurements at the point support. Disaggregation was 
performed using unconditional Gaussian simulation. The results show a considerable amount of uncertainty added 
due to disaggregation that depends in strength on the auxiliary data set used for prediction. Subsequent aggregation 
over the GPS track leads to a reduction in uncertainties.  
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Nomenclature 
PM10  Airborne particulate matter with aerodynamic diameter smaller than 10 µm 
1. Introduction 
Exposure modelling at the individual level requires the integration of aggregated air quality 
information such as model results on a grid with a trajectory of individual locations obtained from GPS 
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records. This Change of Support problem is well known in environmental and exposure science [1] but 
has to our knowledge not been addressed on the level of individual space-time tracks so far. Typically, air 
quality data needs to be downscaled or disaggregated from the larger spatial units to overcome the 
mismatch of spatial and temporal support. This introduces additional uncertainty for estimates on point 
support. Disaggregation can be done by unconditional simulation when no point measurements are 
available and requires knowledge of the spatio-temporal variability at point support.  
The goals of the presented study are to develop a model for spatial variability by relating variogram 
coefficients to external, readily available information such as weather and land use. This should ensure 
transferability ofapproach to other areas by using such information for prediction of spatial variability.  
Based on a set of mobile measurements of particulate matter smaller than 10 µm in diameter we will 
develop a model to predict point support variability of air pollution using auxiliary data. This model can 
be used for disaggregation of grid support PM10 data where no point measurements are available. A 
number of different spatial and temporal predictors will be presented and compared with respect to their 
influence on the uncertainty of an exposure trajectory. Influence of subsequent aggregation of the point 
estimates on the uncertainties will be demonstrated to show the relevance of addressing disaggregation 
methods in exposure modelling studies.  
2. Data 
The present study examines 16 tracks of PM10 measurements (covering approximately 2 hours each) 
that were collected between March 22 and April 13, 2010 in the city of Münster, Germany. PM10 mass 
concentrations in µg m-3 as well as the position in WGS84 coordinates were measured each second using 
a TSI DustTrak DRX Handheld and a Holux GPS tracker M-241. 
Auxiliary data sets for further analysis of the mobile measurements are shown in table 1. Whereas 
CLC, StreetDensity and TrafficEmissionDensity can be considered as spatially variable on the grid scale 
and temporally static, Meteorology and TrafficCount are spatially static and temporally variable. 
AustalPM10 are spatially and temporally variable results from the Lagrangian air pollution dispersion 
model AUSTAL2000 [2]. 
The disaggregation simulation uses a GPS track collected by a test person. Each track covers an 
outdoor travel of approximately 1 hour in the city of Münster with positions recorded every second. 
Table 1. Auxiliary data sets used for PM10 track analysis. 
Data set Description Spatial 
resolution
Temporal 
resolution
CLC CORINE land cover data 250 x 250 m² Static for 2000 
StreetDensity Line density calculated from street 
polylines 
250 x 250 m² Static, actuality 
varies 
TrafficEmissionDensity Line density for annual traffic PM10
emissions from major streets 
250 x 250 m² Annual for 
2005 
AustalPM10 PM10 concentration modelled with 
AUSTAL2000 
250 x 250 m² 1 hour 
Meteorology Wind speed and direction from a 
measurement station in Münster 
1 observation 
for Münster 
10 min 
TrafficCount Average traffic count for working days 
estimated from 46 sampling days at 13 
different locations 
Average over 
Münster 
1 hour, annual 
average
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3. Methodology 
For disaggregation of spatio-temporal data from a grid, additional information to infer the point 
support variability V² of the phenomenon is necessary [3]. The grid used is the AUSTAL2000 air 
pollution prediction grid with 250x250 m² resolution (see table 1). As air pollution is a field phenomenon 
and thus spatially and temporally correlated, the strength of autocorrelation U(h) needs to be taken into 
account as a second factor for disaggregation.  
The (semi-)variogram is used to represent the spatial variability of PM10 at point support. The 
variogram J(h) describes the semi-variance of the values for the variable Z between two locations 
separated by the distance h. It is closely related to the variance V² and the autocorrelation Uh) of Z, as 
J(h) for large distances equals V² and the strength of the autocorrelation determines how  the semi-
variance increases with distance h:
ȡ(h)h 22)( VVJ          (1) 
For the estimation of the variogram, a number of PM10 measurement tracks were used. Based on 
explanatory analysis we decided to choose an exponential variogram model with nugget C0, partial sill C1 
and range a, for our study:  
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Exponential variogram models were fitted automatically (using the automap package in R) for each 
250x250 m² grid cell with more than 60 measurement points. Outliers were removed manually during the 
estimation of exponential variogram models per grid cell. 
To estimate the variogram parameters at un-sampled locations, a set of auxiliary variables (see table 1) 
were tested for correlation and linear regression models were fitted to V, C0, C1 and a per grid cell. For 
estimation of the variogram parameters C0, C1 and a, multiple linear regression was applied, using data 
sets that showed significant fits of the linear regression model. The disaggregation itself was obtained by 
unconditional Gaussian simulation. The estimated variogram models of each grid cell were used for 
unconditional Gaussian simulation for points of a sample GPS track. The results were averaged over the 
number of points visited per grid cell in order to compare degree of uncertainty reduction due to 
aggregation. Overall track results were compared between different regression models to test robustness 
of the used method. 
All analyses were performed using the statistical software R [4] and the R packages gstat [5] and 
automap [6]. 
4. Results 
In table 2 the rank correlation coefficients for valid variogram parameters with the auxiliary data sets 
are shown for each grid cell. Strong correlations can be found between variogram parameters, with 
exception of the range, and wind direction and between all variogram parameters and CORINE land 
cover data. The range parameter shows the weakest correlation with the auxiliary data sets for the 
variogram parameters.  
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Table 2. Spearman’s rank correlation coefficients for auxiliary data sets and variogram parameter and standard deviation of PM10
point measurements per grid cell. 
Auxiliary data set nugget Partial sill range 
Standard
deviation 
Meteorology: Wind direction -0.22 -0.38 -0.04 -0.37 
Meteorology: Wind speed 0.15 0.26 0.17 0.18 
TrafficCount -0.07 0.02 -0.18 0.11 
AustalPM10 -0.10 -0.09 -0.20 -0.04 
CLC 0.23 0.20 0.17 0.10 
TrafficEmissionDensity 0.16 0.23 0.07 0.21 
StreetDensity 0.14 0.14 0.04 0.11 
For all parameter and data set combinations shown in table 3, linear regression models were fitted. 
Models with significant coefficients were used to build the prediction model SIG for the variogram 
parameters shown in table 3. In the SIG prediction both, temporal and spatial, data sets were used for 
parameter estimation. For further comparison, four other prediction methods were included in the analysis 
as shown in table 3. SPAT uses spatially variable and TEMP temporally variable predictor data sets only. 
ALL includes all auxiliary variables from table 1, regardless of the correlation strengths. A general 
approach is shown in the GEN prediction method where the partial sill is approximated by the within-cell 
standard deviation, range is assumed to be constant and averaged over the area and the nugget is 
considered to be zero. These rough estimates form a model that is easily transferable to other regions 
without further data requirements. 
Results for unconditional simulation on the sample GPS track using the SIG prediction parameters 
with 10,000 simulations were averaged over the points per grid cell. Box plots of the simulation averages 
are given in figure 1. Averaging over more than one point per grid cell already reduces the uncertainty 
between simulations. However, this effect seems to weaken for more than 50 points per cell and is, 
furthermore, also dependent on the variogram parameters, which vary per grid cell. This leads for 
example to a larger interquartile range for the last cell when averaging takes place over 24 points 
compared to the sixth cell with averaging over 12 points only.  
The comparison of results from unconditional simulation using the five different prediction models is 
shown for the whole GPS track in figure 2. ALL shows the largest variability, GEN the smallest. The 
selected approach, SIG, which only uses significant linear regression predictor variables shows average 
variability compared to other approaches. It is clear from figure 2, that using different data sets for the 
prediction model may lead to different estimates of the uncertainty due to disaggregation.  
Table 3. Auxiliary data sets used in linear regression models for prediction of variogram parameters 
 SIG ALL SPAT TEMP GEN 
Partial
sill
wind direction, wind 
speed, CLC all CLC wind direction 
wind speed, 
StreetDensity 
Range wind speed, AustalPM10 all AustalPM10 wind speed 
Average from all 
variograms 
Nugget wind direction, CLC all CLC wind direction  
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Figure 1. Distribution of disaggregation simulation averages per grid cell for the SIG model with number of points per cell. 
Figure 2. Distribution of disaggregation simulation means over the whole track using different predictor models. 
5. Discussion and Conclusion 
In this study a methodology for disaggregation of PM10 concentration from grid to point support for 
exposure modelling on a GPS track was developed and applied. We did obtain models that predict spatial 
variability of PM10 at the point support from readily available variables such as weather and land use. An 
analysis of point support PM10 measurements for variogram estimation was shown. Different auxiliary 
data sets for prediction of the variogram model parameters were tested. Results showed sensitivity to the 
selection of data sets used for prediction and a substantial amount of uncertainty introduced by this 
disaggregation. Subsequent aggregation of the points over cells or even over the whole track clearly 
reduced the uncertainty again. The strength of this effect is determined by the strength of spatial 
autocorrelation. Therefore, spatial autocorrelation should be included in proper disaggregation and 
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aggregation steps in exposure modelling. We conclude that methods to assess the spatio-temporal 
autocorrelation and covariates for prediction are essential to reduce uncertainties in individual exposure 
modelling. 
A number of assumptions and limitations were necessary to perform this study. The varying prediction 
capabilities of the auxiliary data sets led to differences in the disaggregation results as the comparison of 
the methods showed. This may also be due to unpredictable measurement errors like sensitivity of the 
measurement device accuracy to air humidity due to the optical measurement technique. The assumption 
of an exponential variogram and neglecting anisotropy in the study area may be limitations with a rather 
weak influence compared to the difficulties in predicting the variogram parameters correctly.  
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